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Abstract
Based on the pioneer works of Hahn in 1950, Carr and Purcell in 1954, and Stejskal
and Tanner in the 1960s, Le Bihan and Breton introduced diffusion weighted imaging
(DWI) technique in 1985. Then in 1986, Le Bihan presented the first DWI images of the
human brain. From then on, DWI has become a very important area of MRI research.
Measurements of tissue microstructure can be very important in both clinical and
research application. DWI is dependent on specific microstructural properties of bi-
ological tissues, so it is possible to obtain structural information non-invasively from
DWI measurements. Diffusion in tissues is slower than in free solutions because tis-
sue compartments hinder or restrict fluid motions, and the reduction in diffusion rate
reflects the scale and nature of the tissue environment. Although DWI is becoming a
mature method, there are still problems with the validation of this technique needed to
be solved.
The first part of this PhD dissertation compares several sequences for the visual-
ization of facial skeletal muscle with diffusion tensor imaging (DTI), which enables the
investigation of micro-architecture and connectivity of oriented tissues. Readout seg-
mented echo planar imaging (RS-EPI) has been suggested as an alternative to single-
shot EPI (SS-EPI) for DWI with reduced distortion, which shows more reliable facial
muscle fiber tracts. While diffusion weighted double echo steady state free precession
sequence (DW-DESS) is relaxation independent, with higher resolution and consider-
ably higher SNR . By using this approach, the image can achieve a higher resolution,
giving more information of the small facial muscle groups.
The second part of this thesis refers to comparison of different diffusion models in
renal diffusion imaging. The aim is to obtain additional parameters with stretched-
3
exponential, bi-exponential and kurtosis analysis of multiple b-value DWI and com-
pare these parameters to apparent diffusion coefficient (ADC) obtained with mono-
exponential model in their ability to discriminate different tumor types.
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Chapter 1
Outline
9

This thesis describes the assessment of tissue microstructure using diffusion weighted
magnetic resonance imaging. Chapters Two and Three describe the theory behind the
experimental work presented in Chapters Four, Five, and Six.
Chapter Two introduces the principles of nuclear magnetic resonance (NMR) and
magnetic resonance imaging (MRI) by starting with the Bloch Equation and different
solutions under different circumstances. These provide the requisite background of MRI.
In Chapter Three, we review the basic grounding of DWI to support the material
that is discussed the the later chapters. The imaging sequences and different models
used in the subsequent experimental chapters are also introduced.
The following chapters report on the original contributions of this work.
In Chapter Four, the effect of the assessment of structural and mechanical properties
of facial skeletal muscle with diffusion MRI is described.
Chapter Five describes the applicability of different diffusion models in renal pathol-
ogy. Four models are studied as a function of the considered b-values and compared.
Chapter Six is the final chapter summarizing the experimental work presented in
this thesis, and looking to some aspects for future study as well.
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Chapter 2
Basic Principles of Magnetic
Resonance Imaging
13

2.1. INTRODUCTION
2.1 Introduction
Magnetic resonance imaging (MRI) is a medical imaging modality that uses magnetic
fields to image the body noninvasively and without ionizing radiation. The fundamental
physical principles of nuclear magnetic resonance (NMR) were discovered independently
by Felix Bloch [1] and Edward Purcel [2] in 1946. They were both awarded the Nobel
prize for Physics for this discovery. First MR images were obtained by Paul Lauterbur
in 1973 [3] , who earned the Nobel price in Medicine in 2003 together with Peter
Mansfield for their discoveries concerning MRI. In 1975, Richard Ernst [4] introduced an
improved method of image acquisition, and was awarded the Nobel price in Chemistry
in 1991. Certain atoms process a characteristic called nuclear spin angular momentum.
Hydrogen atom, located throughout the human body mainly in the form of water, has
a single proton and is the atom used in conventional MRI, which is called a spin. The
spins create a small magnetic moment in the same direction as the angular momentum.
Manipulating these spins through interactions with magnetic fields can generate the
signal measured in MRI.
15
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2.2 Magnetization
MRI is the imaging of magnetic moments that results from the quantum mechan-
ical property of nuclear spin. The average behavior of many spins results in a net
magnetization of the tissue
−→
M .
In the absence of an external magnetic field, a set of nuclei has no bulk magnetiza-
tion because the spin magnetic moments have independent and randomly distributed
directions. In presence of a static magnetic field
−→
B0, the net magnetization tends to
align in the direction of the field.
16
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2.3 Three Magnetic Fields
MRI involves the interaction of these spins with three types of magnetic fields, which
can be designed and controlled.
Main field:
−→
B0. Normally, the spins are in random directions, creating a 0 net
magnetic moment. However, when a magnetic field is presented, magnetic moments
can only align parallel or anti-parallel to the field. This main field is generated by
superconducting coils or large permanent magnets. By convention, the direction of this
static magnetic field is along the z-axis, the scanner axis, or the longitudinal direction.
−→
B0 =
 00
Bz0
 = Bz0−→k (2.1)
where
−→
k =
 00
1
 denotes the unit vector along z-axis.
Radio frequency field:
−→
B1(t). The second magnetic field applied is a radio frequency
(RF) field, called B1 field. This field is usually perpendicular to
−→
B0, as an amplitude
modulated sinusoid:
−→
B1(t) = B1a1(t)
 cos(ω0t+ φ1)−sin(ω0t+ φ1)
0
 (2.2)
Field gradients:
−→
G . To create an image, there needs to be spatially dependent
information. Linear field gradients are applied to the main field. Paul Lauterbur and
Peter Mansfield earned the 2003 Nobel Prize in Physiology or Medicine by developing,
analyzing, and refining the use of gradient fields [3]. The magnitude of the field gradients
varies at spatial coordinates. A general gradient can be expressed as
17
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
−→
Gx = Gx · x · −→x
−→
Gy = Gy · y · −→y
−→
Gz = Gz · z · −→z
(2.3)
where −→x , −→y , and −→z are unit vectors.
18
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2.4 Bloch equations
In 1946, Felix Bloch derived a set of differential equations which describe the changes
in the magnetization during precession, excitation and relaxation [1, 5].
2.4.1 Precession
When the spin magnetization vector
−→
M is placed in a magnetic field
−→
B ,
−→
M will
experience a torque. The equation of motion for
−→
M is then:
d
−→
M
dt
= γ
−→
M ×−→B (2.4)
which causes that the magnetization
−→
M will precess around a
−→
B field at
ω = γB (2.5)
where ω is the Larmor frequency in megahertz (MHz), B is the strength of the
magnetic field in Tesla (T), γ is the gyro-magnetic ratio, characteristic of the particle
or the nucleus, for Hydrogen, γ = 42.58MHz/T . The Larmor frequency of 1H atoms
in 1.5 T magnetic field is approximately 63 MHz.
2.4.2 Excitation
When a magnetic field is present, energy can be introduced into a stable spin system
by applying an RF field perpendicular to the main field. This process is known as
excitation of the spin system and can result in the longitudinal magnetization be tipped
away from the z-axis toward the transverse plane. If the RF pulse is strong enough and
applied long enough to tip the magnetization by exactly 90° (90° RF pulse), all of the
longitudinal magnetization is flipped over and rotated into the transverse plane, Figure
2.1.
19
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Figure 2.1: Magnetization in thermal equilibrium (a), and the process of a 90° (b) and
180° pulse (c).
The magnetic moments and hence the bulk magnetization precess about the overall
magnetic field
−→
B (t) = [B0 + ∆B(t)]
−→
k , which is time-varying. Then the frequency of
precession will turn to:
ω(t) = γ [B0 + ∆B(t)] (2.6)
To simplify the analysis, a rotating frame of reference is considered. The coordinate
20
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system for observation of the magnetization is rotating at a frequency, ω0 = γB0. In
particular, the coordinate system is rotating about the z-axis in the same direction that−→
M rotates about
−→
B . In the laboratory frame of reference, the frame of reference is
with coordinates (x, y, z). In this rotating frame, it has coordinates (x', y', z), and the
magnetic fields
−→
B0 and
−→
B1 appear static.
Figure 2.2: (a) Laboratory frame of reference, (b) Rotating frame of reference shares
the longitudinal axis with the laboratory reference frame and rotate at the frequency of
the excitation pulse.
For a rotation frame at ω0, the coordinate axes are:
−→
i′ =
−→
i cos(ω0t)−−→j sin(ω0t)−→
j′ =
−→
i sin(ω0t) +
−→
j cos(ω0t)−→
k′ =
−→
k
(2.7)
If
−→
M = [mx, my, mz] and
−−→
Mrot = [mx,rot, my,rot, mz,rot], then
mxy,rot = mx,rot + imy,rot = mxyexp(iω0t)
mz,rot = mz
(2.8)
When consider
−→
B (t) = [B0 + ∆B(t)]
−→
k . The magnetization in the rotation frame
will appear to be precessing at
ωrot(t) = γ [B0 + ∆B(t)]− ω0 = γ∆B(t) (2.9)
Thus, the effective
−→
B in the rotating frame is:
21
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−−→
Beff =
−→
B − ω0
γ
−→
k = (B0 + ∆B(t)−B0)−→k = ∆B(t)−→k (2.10)
Then, the Bloch equation can be written in the rotating frame as follow:
d
−−→
Mrot
dt
=
−−→
Mrot × γ−−→Beff (2.11)
When an RF pulse is applied, it is called forced precession because
−→
M is influenced
by
−→
B1 . After the RF pulse ends, the evolving magnetization is called free precession,
because
−→
M processes around
−→
B0.
2.4.3 Relaxation
After switching off the RF pulse, particles begin to return to their thermal equilib-
rium state, aligned with the external field. This procession is associated with a loss of
stored excess energy to surrounding particles which can be detected by the coil of the
MRI scanner. Then we can observe two different types of relaxation processes. These
two processes cause T1 relaxation and T2 relaxation, respectively.
2.4.3.1 T1: Longitudinal Relaxation or spins-lattice relaxation
In T1 relaxation, the nuclei can return to the thermal equilibrium only by dissipating
their excess energy to their surroundings. This recovery process can be modeled by an
exponential function characterized by a time constant T1, the period for the longitudinal
magnetization to recover 63% of its equilibrium value.
22
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Figure 2.3: Longitudinal relaxation time T1. Application of a 90° RF pulse causes
longitudinal magnetization to be 0. After switching off this RF pulse, the longitudi-
nal magnetization recovers back to the equilibrium. T1 is the time that it takes the
longitudinal magnetization to recover back to 60% of its final value.
When recovery from any reduction in mzby RF excitation, it is governed by this
equation:
dMz
dt
= −(Mz −M0)
T1
(2.12)
where M0 is the equilibrium magnetization.
The general solution to this equation is:
Mz(t) = M0 + (Mz(0)−M0)exp
(
− t
T1
)
(2.13)
Then we can get:
1. After a 90 degree RF pules:
Mz(0) = 0
Mz(t) = M0
(
1− exp
(
− tT1
)) (2.14)
2. After a 180° inversion pulse,
23
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Mz(0) = −M0
Mz(t) = M0
(
1− 2exp
(
− tT1
)) (2.15)
3. After an α pulse:
Mz(0) = M0cosα
Mz(t) = M0
(
1− (1− cosα)exp
(
− tT1
)) (2.16)
T1 is dependent on the strength of the external magnetic field and the internal
motion of the molecules.
2.4.3.2 T2 / T
∗
2 : Transverse Relaxation or spin-spin relaxation
T2 relaxation refers to the loss of net magnetization in the transverse plane related
to the dephasing of the spins following their phase coherence without energy dissipation
after the RF pulse is switched off. The dephasing is an exponential decay process
characterized by a time constant T2, which corresponds to the period for the transverse
component to loose 63% of its value just after the RF pulse.
This is governed by the equation:
dMxy,rot
dt
= −Mxy,rot
T2
(2.17)
The general solution to the above equation is:
Mxy,rot(t) = Mxy,rot(0)exp
(
− t
T2
)
(2.18)
Then we can get:
1. After a 90 degree RF pules:
Mxy,rot(0) = M0
Mxy,rot(t) = M0exp
(
− tT2
) (2.19)
2. After a 180° inversion pulse,
Mxy,rot(0) = 0
Mxy,rot(t) = 0
(2.20)
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3. After an α pulse:
Mxy,rot(0) = M0sinα
Mxy,rot(t) = M0 sinα exp
(
− tT2
) (2.21)
T2 is always less than or equal to T1.
This dephasing described above actually is increased by intrinsic inhomogeneities,
resulting in an overall signal decay that is even faster than that described by T2. This
type of decay is called T ∗2 . The loss of the MR signal due to T ∗2 effects is free induction
decay (FID). T2 relaxation denotes the process of energy transfer between spins, and T ∗2
reflects the effects of additional field inhomogeneities contributing to dephasing. The
relationship between T2 from molecular processes and that from inhomogeneities in the
magnetic field (T ′2) is as follows:
1
T ∗2
=
1
T2
+
1
T ′2
(2.22)
Dephasing induced by local field inhomogeneities can be reverted by applying a refo-
cusing RF pulse (in an experiment called spin echo), thus recovering the magnetization
due to pure T2 decay [6].
Figure 2.4: Formation of spin echo sequence. Application of a 90° RF pulse results in
an immediate FID, which rapidly dephases due to T ∗2 effects. After TE/2 time, a 180°
RF pulse is applied, the spins begins to rephase, forming a maximum signal, and then
dephase again.
25
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2.4.4 Full Bloch equation with relaxation
The full Bloch equation with relaxation then can be written as:
d
−→
M
dt
= γ
−→
M ×−→B − Mx
−→
i +My
−→
j
T2
− (Mz −M0)
−→
k
T1
(2.23)
where
−→
i ,
−→
j , and
−→
k are unit vector in x, y and z directions respectively.
This equation describes three phenomenons: precession, transverse decay, and lon-
gitudinal recovery.
26
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2.5 Spatial encoding and k-space
2.5.1 Magnetic field gradients for imaging
The magnetization
−→
M can be imaged by manipulating the applied magnetic field,
which was first introduced by Lauterbur in 1973 [3].
2.5.1.1 Slice selection
A pulse sequence is a series of RF pulses and / or magnetic field gradients applied
to a sample to produce a specific form of MR signal. It is indeed possible to encode
and thus recover the MR signal from specific slice in the volume of interest by means
of RF and linear gradients applied along the 3 spatial directions. This is known as
slice selection. A linear gradient is applied along one axis (for example, z-axis), thus
modifying the Larmor frequency of the spins along that axis, and an RF pulse of the
same frequency and bandwidth as the slice of interest is applied so that only those spins
are excited .
With a slice selection gradient enabled, the Larmor frequency varies with slice po-
sition z:
ω0(
−→
r) = ω0(x, y, z) = γ(B0 + zGz) (2.24)
To excite the spins in a slice with the thickness of ∆z = W/(γGz), an RF pulse with
bandwidth W at ω1(
−→
r) = γ(B0 +Gz(z− z0) should be applied, as shown in Figure 2.4:
27
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Figure 2.5: Slice selection: The frequency is varied through the application of a magnetic
field gradient. Therefore, only spins in a slice with a thickness of ∆z are excited because
only these spins are in the right frequency bandwidth of the applied RF pulse.
The slice select gradient pulse is a positive portion followed by a negative portion
with half of the duration, as shown in Figure 2.6. This is necessary to re-phase the MR
signal , which is dephased by the slice select gradient, in order to get the maximum
possible signal.
Figure 2.6: Slice selective RF pulse and gradient. The slice select gradient pulse is a
positive portion followed by a negative portion with half of the duration.
28
2.5. SPATIAL ENCODING AND K-SPACE
The RF pulse typically used for slice selection is a sinc function in the time domain,
and a square function in the frequency domain.
−→
B (
−→
r) =
−→
B (x, y, z) =
 00
B0 + zGz
 = (B0 + zGz)−→k (2.25)
2.5.1.2 Frequency Encoding
After selecting slice position and thickness by application of an appropriate slice
select gradient, spatial specificity needs to be incorporated into the measured signals.
This is accomplished by spatial encoding, which comprises two steps, frequency encoding
and phase encoding.
Frequency encoding uses a frequency encoding gradient, which is applied after the
RF excitation, so this gradient only affects the spins in the excited slice. Commonly, it
is applied along the x-axis (Gx):
ω(x) = γ(B0 +Gxx) (2.26)
This FE gradient generates a magnetic field that increases linearly in strength along
the x-axis, hence the corresponding changes in Larmor frequencies make spins on one
side precess slower than the ones on the other side. When the MR signal is collected
while the frequency encoding gradient is switched on, a whole frequency spectrum is
obtained, in which high frequencies from one side and low frequencies from the other
side.
2.5.1.3 Phase Encoding
Frequency encoding can only be done in one direction (x-axis). For the other direc-
tion (y-axis), the phase encoding of the signal takes place between the excitation and
the readout.
ω(y) = γ(B0 +Gyy) (2.27)
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this can be rewritten in the rotating frame as:
ω(y) = γGyy (2.28)
If the phase encoding gradient is on for a time tp , then this gradient introduces a
phase difference:
ϕ(t) = ω(y)tp = γGyytp (2.29)
After this gradient is switched off, this results in all the spins precessing in the same
frequency but in different phases. This phase difference lasts until the signal is recorded.
The accumulated phase is proportional to the gradient strength and to the location.
2.5.2 An example: Gradient Echo Imaging
Figure 2.7 (a) shows a basic imaging technique : gradient echo sequence [7]. In this
sequence, after exciting only those spins which lie in one slice plane, a phase encoding
gradient is applied along the y-axis and cause the spins to precess at a frequency de-
termined by their y position to give information of the y-position. Next a frequency
encoding gradient is applied along the x-axis and the FID is collected, and give infor-
mation of the x-position.
30
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Figure 2.7: Pulse sequence (a) and k-space trajectory (b) for gradient echo imaging
2.5.3 K-space
If a phase encoding gradient of strength Gy is applied for a time tp during the phase
encoding, and then a frequency encoding gradient Gx is applied, ρ(x, y) is the proton
density, the signal and phase recorded at time t is given by:
S(t) =
˜
x,y ρ(x, y)e
ϕ(t)dxdy
ϕ(t) = ω0t+ γGxxt+ γGyytp
(2.30)
which can be written as:
S(t) =
¨
x,y
ρ(x, y)eiγGxxt+iγGyytpdxdy (2.31)
let kx = γGxt and ky = γGytp, the above function can be rewritten as:
S(kx, ky) =
¨
x,y
ρ(x, y)e−ikxx−ikyydxdy (2.32)
which is the 2D Fourier transform of the proton density and T1/T2decays (depending
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on the sequence). Therefore, ρ(x, y) is an inverse FT of the detected signal:
ρ(x, y) = FT−1[S(kx, ky)] =
¨
k−space
S(kx, ky)e
ikxx+ikyydkxdky (2.33)
So the single step is equivalent to sampling one line in the kx direction of k-space.
To cover the whole of k-space, it is necessary to repeat the sequence scheme as many
times as the phase encoding steps required.
kx = γ
ˆ t
0
Gx(τ)dτ (2.34)
The timing diagram in figure 2.7 (b) shows that, after the RF pulse is applied, to
step through k-space, ky phase encoding gradients are applied along the y-axis to collect
the position information in the phase of the signal. Immediately afterward, kx frequency
encoding gradient is applied, and is maintained while the signal is sampled. A negative
gradient is initially applied to move in the negative kx, then a positive gradient of twice
the duration is then applied to cover the whole of kx. This combination of frequency
and phase encoding allows to spatially locate the signal in a two-dimensional plane.
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2.6 Image contrast
Different biological tissues have different concentration of hydrogen, which leads to
different T1 and T2 relaxation times in different tissues. Therefore, we can get different
image contrasts by manipulating the sequences.
As described in 2.4.3.1, the z component of the magnetization recovers after a 90
degree excitation is:
Mz(t) = M0
(
1− exp
(
− t
T1
))
(2.35)
If TR is not long compared to T1, then all of the magnetization will not be able to
recover to the initial magnetization M0, but will be M0
[
1− exp(−TRT1 )
]
.
A short TR results in T1- weighted images. In T1- weighted images, tissues with short
T1 appear bright, and the tissues with long T1 are dark, because very little magnetization
can be recovered for the next excitation pulse.
In Spin-Echo sequence, the observed magnetization will be:
Mxy,rot(TE) = M0exp
(
−TE
T2
)
(2.36)
In Gradient Echo sequence, if we use a α excitation pulse, the observed magnetiza-
tion will be:
Mxy,rot(t) = M0
sinα× exp
(
−TET ∗2
)
1− cosα× exp(−TRT1 )
(2.37)
From Equation 2.35 and Equation 2.36, the contrasts of the two sequences are the
same if the excitation pulse is 90 degree. In that case, the only difference is that the
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Spin Echo sequence gets rid of the dephasing inherent to field inhomogeneities, hence a
T2 dependency, while the Gradient Echo sequences depend upon the shorter T ∗2 time.
A long TE results in T2 - weighted images. In T2 - weighted images, tissues with
long T2 appear bright, and the tissues with short T2 appear dark, because their signal
has completely decayed.
For both sequences, the impact of T1 on the contrast is weighted by TR, and the
impact of T2 is weighted by TE. A long TR and short TE sequence is usually called
Proton Density - weighted. A short TR and short TE sequence is usually called T1-
weighted. And a long TR and long TE sequence is usually called T2-weighted
Figure 2.8: Basic MR contrasts and corresponding choices of TE and TR for Spin Echo
sequences
Figure 2.9: Basic MR contrasts and corresponding choices of TE, TR and flip angle α
for Gradient Echo sequences.
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3.1. PHYSICS OF DIFFUSION
3.1 Physics of Diffusion
3.1.1 Free diffusion
The free diffusion is the random motion that originates when the molecules collide
with other molecules. The motion was discovered in 1827 by Robert Brown, and called a
Brownian motion. The distribution can be described by a Gaussian probability density
function.
Free diffusion is caused by thermal mobility of the molecules. The Brownian mo-
tion of the molecules occurring due to their thermal energy motion. To explain this
phenomenon, the Fick's first law was suggested which relates the diffusive flux to any
concentration difference through the relationship
J = −D5 C (3.1)
where J is the net particle flux (vector), C is a local concentration of particles, and
D is called the diffusion coefficient which is the temperature dependent [m2/s].
The change in concentration as a function of time can be written like
∂C
∂t
= D52 C (3.2)
which is Fick's second law, also known as the diffusion equation.
Using the displacement distribution concept, in 1905, Einstein [1] was able to derive
an explicit relationship between the mean squared displacement of the ensemble and
the diffusion coefficient, characterizing the Brownian motion by
< S2 >= 2nD∆ (3.3)
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where < S2 > is the mean squared displacement of particles, n is the dimension, ∆
is the diffusion time, and D is the classical diffusion coefficient appeared in Fick's first
and second laws above.
3.1.2 Restricted Diffusion
In Brownian motion, molecules diffuse freely in all directions. With a distribution
width that expands with time, both the conditional probability and averaged propagator
exhibit a Gaussian distribution over molecular displacements .
Figure 3.1: Three types of molecular motion (indicated by arrows) which may occur in
tissue (a) bulk flow, (b) isotropic diffusion where molecular motion is random and (c)
restricted diffusion where random motion is constrained by physical barriers, e.g. by
cell membranes [2].
However, within the tissue, the random motion of water molecules is influenced by
a variety of factors such as restrictions due to cell membranes, cytoskeleton, and macro-
molecules. By employing the understanding of how micro structural features contribute
to the overall diffusional process, it may be possible to obtain valuable information about
the biological micro structure simply by observing the motion of water molecules. This
is particularly important in the understanding of tissue with complicated structure.
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3.2 Diffusion weighting
3.2.1 Diffusion weighted imaging with Spin Echoes
Magnetic resonance provides a unique opportunity to quantify the diffusional char-
acteristics of a wide range of specimens. Because diffusional processes are influenced by
the geometrical structure of the environment, MR can be used to probe the structural
environment non invasive. This is particularly important in studies that involve biolog-
ical samples in which the characteristic length of the boundaries influencing diffusion
are typically so small that they cannot be resolved by conventional MRI techniques.
The sensitivity of the spin-echo MR signal on molecular diffusion was recognized
by Hahn. He reported a reduction of signal of the spin echo and explained it in terms
of the dephasing of spins caused by translational diffusion within an inhomogeneous
magnetic field [3]. While he proposed that one could measure the diffusion coefficient
of a solution containing spin labeled molecules, he did not propose a direct method for
doing so.
In 1965, Stejskal and Tanner [4] introduced a pulsed gradient spin echo (PGSE)
sequence that made diffusion measurements by MRI possible, which is also well known
as the Stejskal and Tanner sequence. Typically, it is applied using 90° and 180° RF
pulses, and two gradients are applied as in the following Figure 3.1. In this technique,
a clear distinction between the encoding time (pulse duration, δ) and the diffusion time
(separation of the two pulses, ∆).
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Figure 3.2: Schematic timing diagram of the PGSE sequence with diffusion gradients.
δ is the gradient pulse duration, ∆ is the time between the start of the two gradient
pulses, G is the gradient strength.
and together with this pulse sequence, Le Bihan and Breton in 1985 [5] introduced
this equation:
S(b) = S(0) · e−b·D (3.4)
where S(b) is the diffusion weighted signal and S(0) is the signal without diffusion
weighting acquired for the same TE. The b-value is the diffusion sensitivity and describes
the relationship between the diffusion coefficient D, and the signal attenuation. The
b-value is defined by
b = γ2G2δ2Td (3.5)
where G is the amplitude of diffusion encoding gradient and δ is the duration of
the gradient pulse (see Figure 3.2), γ is the gyro-magnetic ratio and Td is the effective
diffusion time which is defined as
Td = ∆− δ
3
(3.6)
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3.2.2 Diffusion MR Imaging with Echo Planar Imaging Techniques
(EPI)
When Stejskal-Tanner diffusion gradients are added to a conventional multiple pulse
MR imaging sequence to sensitize the image to the effect of microscopic motion of water
molecules, the image becomes very sensitive to bulk motions. To avoid this problem,
an Echo Planar Imaging technique (EPI), with additional diffusion weighting gradient
pulses, was used [6]. In this technique, after a single RF excitation, a train of echoes
would be acquired with a short phase encoding gradient pulse between each echo.
3.2.2.1 Diffusion MR Imaging with single shot EPI
EPI is a fast MRI technique, making it possible to obtain many different diffusion
weighted MR images in one session, enabling good accuracy diffusion maps to be cal-
culated. The major advantages of EPI over conventional imaging are reduced imaging
time with the potential for improved patient throughput, reduced motion artifact, and
the ability to image rapid physiologic processes.
In single shot EPI, the entire k-space is acquired after a single RF excitation. An
spin echo based diffusion weighted EPI sequence is shown in figure 3.3(a), and a diagram
of k-space is displayed in figure 3.3 (b):
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Figure 3.3: Diffusion weighted spin echo based single shot EPI sequence (a), and k-space
trajectory (b) [6].
3.2.2.2 Diffusion MR Imaging with Multi-shot Interleaved EPI
However, diffusion weighted single-shot EPI has a number of limitations, including
severe image distortions, suffering from a limitation to the maximum resolution that
can be achieved, and long echo times. The major problems involved in single-shot EPI
are the shortness in tissue of the transverse relaxation time T2 and the inhomogeneity
related dephasing time T2*. If the time between the excitations and acquisition is too
long, there would be no signal remains to be detected. So a multiple shot EPI was
presented to avoid this problem.
In interleaved sequences, each repetition acquires every nth (n is the number of
shots) line in k-space and for the complete raw data set the various repetition data are
interlaced. A diagram of k-space is displayed in figure 3.4:
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Figure 3.4: K-space trajectory of multi shot interleaved EPI
3.2.2.3 Diffusion MR Imaging with Multi-shot Readout-Segmented EPI
As shown in the following Figure 3.5 [7], after a diffusion preparation, two spin echoes
were used to acquire imaging and navigator data, respectively, using a sinusoidal EPI
readout, which sampled a subset of contiguous points in the readout direction. For the
first spin echo, a variable amplitude prephasing gradient pulse (colored blue in Figure
3.5) was applied to define an offset along kx, which was varied from one shot to the next.
In this manner, each shot was used to sample a different segment in the kx direction.
The smaller readout gradient moment, corresponding to the reduced kx coverage, allows
a substantially shorter echo-spacing than with single-shot EPI, significantly reducing
the effect of susceptibility and T ∗2 decay. The second echo was used to generate 2D
navigator data by sampling the central kx segment at each shot. A blipped phase-
encoding gradient was used to traverse the full ky range.
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Figure 3.5: Sequence diagram for a single readout segment: Following a diffusion prepa-
ration (GD), two spin echoes are used to sample imaging and navigator echo. For the
first spin echo a variable amplitude prephasing gradient pulse (colored blue) is applied
to define an offset along kx, which varies from shot to shot to sample a different segment
in k-space. For the second echo a constant amplitude prephasing gradient pulse is used
to acquire the central kx segment very time [7].
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Figure 3.6: Depiction of the k-space coverage for readout segmented EPI. In this exam-
ple, a five-shot EPI acquisition is used, which divides k-space into five segments along
the readout direction. Each shot acquires data from a set of contiguous k-space sample
points, which is beneficial for 2D navigator phase correction. In practice, a small overlap
is used at the interface between readout segments [7].
This multi-shot readout segmented EPI technique can be used to acquiring DW
images, which have low susceptibility based image distortion and T2* blurring and a
robust correction for motion-induced phase artifact.
3.2.3 Diffusion MR Imaging with Steady-State Free Precession (SSFP)
Diffusion weighted SE is widely used currently. When combined with a 2D, single
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shot EPI, it is a powerful method due to its relatively high efficiency, ability to obtain
strong diffusion weighting and insensitivity to motion. However, this method has a
number of limitations, including severe image distortions, limited resolution and long
echo times. As a result, several other DWI techniques have been developed, including
diffusion weighted Steady-State Free Precession (DW-SSFP) imaging technique
3.2.3.1 Steady-State Free Precession (SSFP)
Steady-state free precession (SSFP) is a kind of fast imaging technique, which has
been used widely in numerous MRI applications. SSFP was first introduced by Carr in
1958 [8], and also presented by Freeman and Hill [9] and Hinshaw [10] in the 1970s.
When the same sequence of RF rotations, precession and relaxation is repeated, a
steady-state forms, where the magnetization at some point in the sequence is the same
from one TR to the next, There are three cases:
 TR  T1 and TR  T2. The magnetization at the start of the sequence relaxes
completely to the equilibrium magnetization, M0.
 TR T2 but TR T1. All transverse magnetization will be 0 at the start of the
sequence, but the longitudinal magnetization cannot return to thermal equilibrium
before each new excitation. The longitudinal magnetization can reach a steady-
state after several TRs.
 TR  T1 and TR  T2. Both transverse magnetization and longitudinal mag-
netization can not relax back to thermal equilibrium. After a certain number of
excitations, a dynamic steady-state builds up.
3.2.3.2 Steady-State diffusion weighted imaging
The diffusion sensitivity of SSFP pulse sequences was first presented by Kaiser,
Bartholdi, and Ernst (KBE) in 1974 [11]. Then LeBihan [12] [13], Merboldt [14, 15],
Patz [16], Wu [17], Buxton [18] reported DWI with SSFP.
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DW-SSFP has long been recognized to offer potential benefits over conventional
spin-echo methods. This family of pulse sequences is highly efficient and compatible
with three-dimensional acquisitions, which could enable high-resolution, low-distortion
images. However, the same properties that lead to its efficiency make steady-state
imaging highly susceptible to motion and create a complicated signal with dependence
on T1, T2 and flip angle [19].
Figure 3.7: Diffusion-weighting schemes for (a) spin echo, and (b) SSFP. The implicit
negation of gradients due to 180° inversion of the magnetization is indicated with gray,
dashed lines. For SSFP, multiple repetition periods are shown to emphasize the similar-
ity of diffusion contrast to SE. For illustration purposes, the timescales of the different
sequences are matched, but in general this will not be the case [20].
3.2.3.3 Diffusion weighted Double Echo Steady-State Free Precession (DW-
DESS)
As an extension of DW-SSFP, Diffusion weighted Double Echo Steady-State Free
Precession (DW-DESS) technique is introduced by Bieri et.al. [21] using a double-echo
steady-state approach, which is relaxation time independent. In this technique, two pri-
mary echo paths (FID and Echo) are separated by a large unipolar diffusion-sensitizing
gradient dephasing moment (Gt). From the simultaneous acquisition of both, the FID
and Echo signal, relaxation independent information about the molecular diffusion con-
stant D can be extracted.
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Figure 3.8: Diffusion-weighted double echo steady state (dwDESS). The two primary
echo paths (FID and Echo) are separated by a large unipolar diffusion-sensitizing gra-
dient dephasing moment (Gτ ). From the simultaneous acquisition of both, the FID and
Echo signal, relaxation independent information about the molecular diffusion constant
D can be extracted [21].
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3.3 Models
3.3.1 The Mono-exponential Model: Apparent diffusion coefficient
ADC
The ADC is the diffusion coefficient that can be determined from the Stejskal-Tanner
equation if at least two different b-values have been measured.
D =
ln
(
S(b1)
S(b2)
)
b1 − b2 (3.7)
The in vivo diffusion coefficient is denoted ADC since biological effect affects the
value.
The signal attenuation is reduced to a simple, convenient, mono-exponential expres-
sion:
S(b) = S(0) · e−b·D (3.8)
where S(b) is the diffusion weighted signal and S(0) is the no diffusion weighted
signal acquired for the same TE. The b-value is the diffusion sensitivity and describes
the relationship between the diffusion coefficient D, and the signal attenuation.
3.3.2 The Bi-exponential Model: intravoxel incoherent motion (IVIM)
The ADC in tissue is smaller than free water diffusion in an aqueous solution.
Furthermore, many studies have experimentally established that the water diffusion-
sensitized MRI signal attenuation in tissue as a function of the b-values could not be
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well described by a single exponential decay, which would have been expected in the free
Brownian diffusion [2225]. High viscosity, macromolecular crowding and restriction ef-
fects have been proposed to explain the water diffusion reduction in the intracellular
space, and tortuosity effects for water diffusion in the extracellular space. With re-
stricted diffusion, the displacements of the molecules become limited when they reach
the boundaries of close spaces and the ADC goes down with longer diffusion times.
Furthermore, the overall low diffusivity of water in cells could not be well explained by
true restriction effects resulted from cell membranes nor by scattering or obstruction ef-
fects from cellular macromolecules. This strongly suggests that the cellular components
responsible for the reduced diffusion coefficient in biological tissues are much smaller
than the diffusion length currently used with MRI.
Le Bihan et al [26], in pioneering work on intravoxel incoherent motion (IVIM) mod-
eling of DWI, suggested that movement of blood in micro vasculature could be modeled
as a pseudo diffusion process, which is measurable at low b values (<200s/mm2). THE
IVIM is also referred to as micro circulation or perfusion. Theses effects can be resolved
from true tissue diffusion by using sufficient b-values sampling and a bi-exponential
curve fit analysis, which resolves tissue diffusion and pseudo diffusion coefficients sepa-
rately along with their respective volume fraction. Furthermore, these IVIM parameters
may provide measurements that are independent of the b values used for imaging, as
long as sufficient b values are sampled in both low and high b value regimen.
In this model:
S = S(0) · {ffast · exp(−b ·Dfast) + fslow · exp(−b ·Dslow)} (3.9)
f and D are the volume fraction and the diffusion coefficient associated to the slow
and fast diffusion phases, with fslow + ffast = 1. In this model, differences in T2
relaxation are not taken into account. IVIM MRI was initially introduced to evaluate
perfusion and produce maps of brain perfusion, for brain activation studies and clinical
applications [2730] .
The problem with this bi-exponential model is that the nature of the two diffu-
sion pools has remained exclusive. It has been often considered that the extracellular
compartment might correspond to the fast diffusion, as water would be expected to dif-
fuse more rapidly there than in the intracellular, more viscous compartment. However,
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the volume fractions of the two water phases obtained using the bi-exponential model
do not agree with those known for the intracellular and extracellular water fractions.
And also, some careful studies have shown that such bi-exponential diffusion behavior
could also be seen solely within the intracellular compartment, pointing out that both
the slow diffusion and fast diffusion phases probably coexist within the intracellular
compartment.
This bi-exponential shape of the diffusion attenuation would also remain valid in
the presence of two water pools when the exchange regime becomes intermediate, but
one has to replace the values for fslow,fast and Dslow,fast in the above equation by more
complex parameters taking also into account the residence time of the molecules in the
fast and slow components relative to the measurement time in a more realistic manner.
3.3.3 The Stretched-exponential Model
Two types of heterogeneity can be defined in MRI diffusion experiments: intravoxel
and inter-voxel. However, as described in the last section, mono-exponential or bi-
exponential signal models may have a physical basis in separate parenchymal proton
pools, but one must also consider the possibility that a continuous distribution of diffu-
sion coefficients arises from a multiplicity of pools. Based on these, Bennett et al [31,32]
introduced another diffusion model, which is called stretched exponential model:
S(b) = S(0) · exp {−(b×DDC)α} (3.10)
Where α is the stretching parameter, which characterizes the deviation of the signal
attenuation from mono-exponential behavior, and is limited to values between zero and
one. A value of α that is near one indicates high homogeneity in apparent diffusion,
namely a highly mono-exponential attenuation curve. Lower values of α result from
non-exponential behavior which is caused by the addition of multiple separable proton
pools within the voxel.
This function has been applied to describe non-exponential diffusion in neural tissue.
There are two free parameters in the model of the above equation: the distributed
diffusion coefficient (DDC) and α . The DDC parameter refers to the diffusion coefficient
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quantity derived from fitting the stretched-exponential function to the data.
3.3.4 The Kurtosis Model
The diffusion of water through a biologic tissue can be regarded as a random pro-
cess. Thus, the chance of a particular water molecule diffusing from one location to
another in a given period of time is governed by a probability distribution. In the
simplest models, this is a Gaussian distribution, which is proportional to the diffusion
coefficient. However, for time intervals on the order of tens of milliseconds, the complex
structure of most tissues, consisting of various types of cells and their membranes, can
cause the diffusion displacement probability distribution to deviate substantially from a
Gaussian distribution. This deviation from Gaussian behavior can be quantified using
a convenient dimensionless metric called the excess kurtosis [33]. Since the deviation
from Gaussian behavior is governed by the complexity of the tissue, within which the
water is diffusing, this excess diffusional kurtosis can be regarded as a measure of a
tissue's degree of structure.
The Kurtosis model is based on the same type of pulse sequences employed for
conventional diffusion weighted imaging, but the required b values are somehow larger
than those usually used to measure diffusion coefficients. In the brain, b-values of
about 2000s/mm2 are sufficient [34, 35], which can now be obtained on clinical MRI
systems. Thus, diffusion kurtosis imaging (DKI) provides a practical clinical technique
for quantifying non-Gaussian water diffusion and thereby for probing the microscopic
structure of biologic tissues.
Diffusion kurtosis imaging has been proposed as a minimal extension of DTI that
enables the quantification of non-Gaussian diffusion through the estimation of the dif-
fusion kurtosis, a quantitative measure of the non-Gaussian of the diffusion process.
Quantitative rotationally invariant diffusion metrics can be extracted from the DKI
analysis, such as the mean kurtosis (MK), radial kurtosis and axial kurtosis.
Kurtosis comes from the second order of Taylor extended Stejskal and Tanner equa-
tion:
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ln [S(b)/S(0)] = −bDapp + 1
6
b2D2appKapp (3.11)
where Kapp is the apparent kurtosis coefficient (AKC), Dapp is known as apparent
diffusion coefficient.
This DKI approach differs essentially in that the imaging data are fit to a quadratic
function, which allows for estimates of both the apparent diffusion coefficient and the
diffusional kurtosis.
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3.4 Diffusion Tensor Imaging
3.4.1 Diffusion Anisotropy
As mentioned above in 3.1.1 self diffusion, free diffusion, also called isotropic dif-
fusion, occurs in pure liquids, and describes the finding that the self-diffusivity is the
same in all directions. So, a single self-diffusion coefficient is enough to describe the
phenomenon. But, in more complex media, self diffusivity was not sufficient to describe
diffusive transport any more. So the apparent diffusion coefficient (ADC) was addressed
to meet this deficiency, which also depends on tissue micro dynamics, micro structures,
and gradient pulse parameters as well.
In even more complicated case, diffusion anisotropy, the measured diffusivity is
not the same in all directions. The ADC depends on the angle between the diffuse
direction and applied magnetic field gradient. The largest observed diffusion coefficient
is observed when the diffusion sensitive gradient is parallel to the diffuse direction, and
the smallest ADC is observed when the diffusion sensible gradient is perpendicular to
the diffuse direction.
3.4.2 Diffusion Tensor
To quantify the diffusion anisotropy, a more general description uses a 3D model,
and the diffusion is approximated by an effective diffusion tensor.
D =
 Dxx Dxy DxzDyx Dyy Dyz
Dzx Dzy Dzz
 (3.12)
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The first subscript (x, y, z) refers to the natural orientation of the cells or tissue, and
the second refers to the gradient orientation. So, Dxy = Dyx, Dxz = Dzx, Dzy = Dyz,
hence the diffusion tensor is a symmetric matrix, with six independent values. Therefore,
we get:
D =
 Dxx Dxy DxzDxy Dyy Dyz
Dxz Dyz Dzz
 (3.13)
After measurement of the diffusion constants in six selected directions, the diffusion
anisotropy geometry can be described with the formalism of the 3D tensors introduced
above.
Eigenvalues and eigenvectors decomposition of the tensor can be calculated accord-
ing to :
De = λe (3.14)
or
(D − λI)e = 0 (3.15)
in which, I is the identity matrix, has a nontrivial solution. In this formalism, the
diffusion anisotropy is described by an ellipsoid whose three main axes may differ in
length in proportion to the ADC in the corresponding direction. Increasingly accurate
geometric models of the averaged structures that hinder diffusion in a voxel may be
generated when additional diffusion constants for other directions are measured.
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Figure 3.9: The diffusion ellipsoids and tensors for isotropic unrestricted diffusion,
isotropic restricted diffusion, and anisotropic restricted diffusion [36].
3.4.3 Diffusion Tensor Imaging (DTI)
Diffusion Tensor Imaging (DTI) was introduced by Basser [37] [38], for the technique
used to measure the full diffusion tensor. DTI is an extension of DWI, it measures
diffusion in six or more directions, from which the diffusion tensor can be reconstructed.
As the gradient coils in the MR system are fixed along the x, y, or z direction, a gradient
in any direction can be created by using a combination of gradients in all directions.
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3.4.4 DTI Fiber Tractography
DTI fiber tractography is an extension of diffusion tensor imaging, and can visualize
the fibers in 3D. There are different algorithms to track the fibers, such as FACT (fiber
assignment by continuous tracking) [39], To track the fiber, as shown in Figure 3.10,
we need to generate a continuous tensor field first, and then the tensor field can be
simplified to a vector field defined by the first eigenvector. The fiber tracking begins
with the definition of initial tracking points, which are usually defined by specifying one
or more regions of interest (ROI). And then the ends of each discrete ellipsoids can be
connected into an extended object, depicting the trajectory of a large fiber tract.
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Figure 3.10: Principle of fiber tracking. (a) Schematic view of restricted water diffusion
( solid sphere ) in an environment with strongly aligned fibers (depicted by bars). The
diffusion properties can be fully described by an ellipsoid (b) with three principal axes
( λ1, λ2, and λ3) of which the orientation of the main axis represents the average fiber
direction. Once this direction is determined in each voxel, tracking can be performed
by using either a discrete (c) or a continuous (d) number field. The actual fibers are
indicated by curved arrows, and the average fiber directions in the voxel are displayed
as open arrows. The connected voxel resulting from tracking are shaded, using dots.
The discrete approach leads to deviation from the actual fiber to be tracked (c), whereas
the continuous approach succeeds as indicated by the train of solid arrows (d). A 3D
axon projection can be tracked as long as nearby vectors are strongly aligned (e). When
vector orientation becomes random, the tracking is ended ( f ) [39].60
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4.1. INTRODUCTION
4.1 Introduction
For a human being, the face has fundamental meaning. It is the unique external
perceivable identity of his/her distinctive individual personality in daily contact with
other persons and public authorities. At the same time it is the part of the body, where
on a close area the most important sense organs are represented and where the mimic as
an instrument for expression takes place. The facial muscle skeletal system consisting
of the bony morphological fundamental and the functional soft tissue is therefore of
major importance. This has to be considered for any surgical treatment to guarantee
an optimal functional and esthetic outcome. Assessment of morphology and structure
of facial skeletal muscle is one of the determinants of intervention planning in cranio-
maxillo-facial (CMF) surgery.
Muscle architecture is the main determinant of the mechanical behavior of skeletal
muscles. This architecture, which is defined as the arrangement of muscle fibers relative
to the axis of force generation, is characterized by various parameters, including muscle
length, fiber length, pennation angle, and physiological cross-sectional area.Accurate
characterization of the arrangement of fascicles within muscle is essential for under-
standing muscle function and accurate simulation results. The excellent soft tissue
contrast of MRI is perfectly suited to assess structural properties or morphology of
muscle.
Diffusion Tensor Imaging (DTI) studies of skeletal muscle can provide information
of muscle reference [13]. DTI [4] relies on the fact that the self diffusion of water
in tissue is restricted by membranes and other cellular constituents, resulting in an
apparent diffusion coefficient, which is lower than the free diffusion coefficient and is
orientation-dependent for elongated structures. By measuring diffusion in six or more
non collinear directions, this diffusion can be described using a tensor model. The
tensor has three eigenvalues, which describe the magnitude of the diffusion coefficient
in three orthogonal directions, and three eigenvectors, specifying those directions. The
eigenvector corresponding to the largest eigenvalue is coincident with the longitudinal
axis of the cell, and by following the direction of greatest diffusion , the local fiber
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trajectories can be reconstructed. These indices of micro structure, along with the
ability to track fibers and visualize fiber sheet direction, provide an unprecedented
opportunity to noninvasive study muscle structurefunction relationships under rest
and exercise conditions.
Several investigators have proven the feasibility of using diffusion tensor imaging
(DTI) to show that the principle eigenvalue extracted from the diffusion tensor is aligned
with the direction of fascicles within a muscle [514]. Multiple studies have investigated
the possibility of applying DTI to segment different anatomical structures using the
diffusion properties [15]. However, there are a number of practical complications to
performing DTI in facial muscle. These include the short transverse relaxation time
constant (T2) of muscle (~35ms, at 1.5T) [16], and its low fractional anisotropy value
(FA, ~0.2 - ~0.4), thin thickness of facial muscles, subject motion during the long DTI
acquisition time, and strong susceptibility changes around the muscle tissue make the
adoption of conventional EPI-based diffusion weighted imaging challenging.
In this study, different techniques, diffusion weighted single shot Echo Planar Imag-
ing (SS-EPI), diffusion weighted Readout-Segmented EPI (RS-EPI) [17, 18], and diffu-
sion weighted double echo steady state free precession sequence (DW-DESS) [19], were
used and compared to visualize the facial muscle fiber tracking.
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4.2 Materials and Methods
4.2.1 Imaging Techniques
As introduced in 3.3.3.1, SS-EPI is well established as the method of choice for
diffusion weighted imaging and therefore for DTI. This is due to its low sensitivity to
the motion induced phase errors that occur during diffusion sensitization of the MR
signal. However, SS-EPI is prone to artifacts related to susceptibility changes at tissue
interfaces and has a limited spatial resolution due to T2* relaxation [20]. Parallel
imaging can be used to improve the image quality of SS-EPI acquisitions [21, 22], but
there are still significant limitations, particularly at higher field strength.
The image quality of SS-EPI is generally impaired by significant geometric distor-
tions, intravoxel dephasing, blurring, and poor spatial resolution, which can reduce
DWI's ability to accurately depict the muscle fiber tractography. An additional tech-
nique that can be used with non - linear phase correction is RS-EPI . Following an initial
description by Robson et. al. 1997 [23], the method, which was introduced in 3.3.3.3,
was further developed in subsequent work to include k-space readout segmentation, 2D
navigator correction, parallel imaging and navigator based reacquisition [18]. This ap-
proach can produce high resolution diffusion weighted images with a robust correction
for motion induced phase errors.
DW-SSFP [2430] accumulates signal from multiple echoes over several TRs yielding
a strong sensitivity to diffusion with short gradient durations and imaging times. In
addition to that, Bieri et. al. introduced a diffusion weighted double echo steady
state free precession sequence (DW-DESS) [19], (as introduced in chapter 3), which
is relaxation independent, for fast high-resolution in vivo quantitative DWI. It can
offer strong diffusion sensitivity in combination with short echo times and overcomes
problems with T2 relaxation related signal loss present on muscle tissue.
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4.2.2 Image Acquisition
Experiments with SS-EPI were performed on a 1.5 T whole body system (Siemens
Healthcare, Erlangen, Germany), for both ex vivo pig and in vivo human calf scans. For
the scans on pork, data were acquired according to a 64 directions, 4slices, b-values : 0,
500 s/mm2, 2mm X 2mm X 2mm isotropic voxel size, TR / TE = 5000 / 58 ms, with 8
averages protocol. The scan lasted 43 minutes 35 seconds. For the invivo experiments,
we scanned the calf of one healthy volunteer. Data were acquired according to a 64
directions, 48 slices, b-values : 0, 500 s/mm2, 3.8mm X 3.8mm X 2mm voxel size, TR
/ TE = 5100 / 59 ms, with 1 averages protocol. The scan lasted 5 minutes 47 seconds.
The RS-EPI sequence was tested first by applying it to human calf invivo scan.
The data were acquired according to a 30 directions, 60 slices, b-values: 0, 500 s/mm2,
2.4mm isotropic voxel size, TR / TE = 5800 / 48 ms protocol. The acquisition time
as 20 minutes 23 seconds. For the facial muscle invivo scan, in addition to a standard
12 channel head coil, a 4cm diameter loop coil was placed on the right cheek to locally
increase SNR. Data were acquired according to a 20 directions, 40slices, b-values: 0,
500 s/mm2, 3mm isotropic voxel size, TR / TE = 3700 / 47 ms protocol.
A DW-DESS sequence applying diffusion weighting sequentially in three orthogonal
directions was modified, optimized, tested and evaluated for invivo diffusion weighted
imaging of the facial muscles. First, in vitro experiments were carried out on a spherical
phantom and invivo 3D examinations of facial muscles on a 3T scanner. To optimize
the protocol the following parameters were varied: fat suppression technique, spatial
resolution, used RF receive coil (12channel head coil vs. loop surface coil), amplitude of
the diffusion weighting gradient, direction of the applied diffusion weighting gradients
(phase, read, and slice), receive bandwidth, and flip angle. These 3D acquisitions suf-
fered from numerous artifacts due to motion and susceptibility changes. Then, 2D in
vitro and invivo scans were performed with a 32-channels receive coil on a 3T clinical
MRI system. Images were acquired in either coronal or sagittal orientation, yielding 0.7
mm in-plane resolution (240 x 320 image encoding matrix) and 1 mm in-plane resolu-
tion (176 x 256 image encoding matrix). Diffusion weighting was applied in read, phase
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and slice encoding direction.
4.2.3 Data Processing and Visualization
Prior to further analysis, all the diffusion-weighted images were co-registered using
SPM8 (Wellcome Trust Centre for Neuroimaging, London, UK) in Matlab (The Math
Works Inc., Natick, MA, USA). All the muscle fibers were tracked by the Diffusion
Toolkit software package (Massachusetts General Hospital, USA).
The fiber tracking algorithm we used here is FACT, which was introduced in section
3.5.4.
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4.3 Results
The images of the pork acquired by SS-EPI at b = 0 s/mm2are presented in Figure
4.1 (a), and with the resulting fiber tracking of the corresponding DTI analysis of the
64 direction data set are shown in Figure. 4.1(b). The colors of the fiber tracks are
encoded in this way: red indicates directions in right to left or left to right; green
indicates directions in posterior to anterior or from anterior to posterior; and blue
indicates directions in foot-to-head direction or vice versa.
(a)
(b)
Figure 4.1: Images at b=0s/mm2 in three orientations: right - left, posterior - anterior,
and Superior - inferior (a) and visualization of fiber tracking of pork using SS-EPI
Figure 4.2 (a) and Figure 4.3 (a) directly compares images at b = 0 s/mm2 obtained
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by using SS-EPI and RS-EPI in calf muscle. The SS-EPI acquisition suffers from sig-
nificant image blurring and the images acquired with RS-EPI shows reduced blurring.
The resulting fiber track from SS-EPI is displayed in Figure 4.2 (b), and the fiber track
accuracy is lower than the resulting fiber tracking from RS-EPI images showed in Figure
4.2 (b).
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(a)
(b)
Figure 4.2: Images at b=0s/mm2 in three orientations: right - left, posterior - anterior,
and Superior - inferior (a) and visualization of fiber tracking of human calf with the
used of SS-EPI
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(a)
(b)
Figure 4.3: Images of b = 0 s/mm2in calf (a) and visualization of calf muscle fiber
tracking with the use of RS-EPI sequence
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The high effective bandwidth in phase-encoding direction of the RS-EPI sequence
enabled diffusion-weighted MR imaging of facial muscles, which is commonly hindered
by artifacts and signal voids due to strong susceptibility changes and short T2 of muscle
tissue. The images of the facial muscle acquired by RS-EPI at b = 0 s/mm2are presented
in Figure 4.4. Figure 4.5 (b) shows obtained muscle fiber tracks crossing the ROI
defined in Figure 4.5 (a). Two facial muscle groups can be observed: Buccinator muscle
fibers running in anterior-posterior direction are shown in red whereas fibers running in
superior-inferior displayed in green are part of the Masseter muscle.
Figure 4.4: Images of b = 0 s/mm2of facial muscle in three orientations: right - left,
posterior - anterior, and Superior - inferior, using RS-EPI
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(a)
(b)
Figure 4.5: Facial muscle fiber tracking with RS-EPI (b) through the roi presented in
(a)
The ADC maps acquired by DW-DESS are shown in Figure 4.6 and Figure 4.7.
As a reference, a region-of-interest from the corpus callosum was chosen, in which the
derived ADC values were much higher in the phase and read directions than those in
the slice direction, which correctly reflects the nerve anatomy. For the facial muscle
fiber, in the coronal images, the ADC values were much higher in the slice direction
than those in the phase and read directions. In the sagittal images, the ADC values
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were higher in the phase and read directions than those in the slice direction. These
results indicated that the interested muscle fiber group went from the lower left to top
right direction. These results are in agreement with the anatomy of facial muscles.
Figure 4.6: ADC maps of 2 slices of coronal images: (a, d) diffusion gradient in the
phase direction, (b, e) diffusion gradient in the read direction, (c, f) diffusion gradient
in the slice direction. The Green arrows point to the interested muscle group.
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Figure 4.7: ADC maps of sagittal images: (a) diffusion gradient in the phase direction,
(b) diffusion gradient in the read direction, (c) diffusion gradient in the slice direction.
The Green arrows point to the interested muscle group.
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4.4 Discussion and Conclusion
The noninvasive character of DWI allows in vivo investigation of muscle fiber struc-
ture. However, DWI in skeletal muscle is complicated by the short T2 relaxation
times [16], and lower water proton density compared with that of brain tissue [31].
In this study, three different diffusion weighted imaging techniques were compared for
fiber tracking of facial muscles.
The sequence most frequently used for DWI is SS-EPI. It is fast and insensitive to
motion, but the disadvantages of SS-EPI are a limited spatial resolution and distortions
caused by susceptibility changes. Distortion in EPI is driven by the slow traversal
through k-space along the phase-encoding direction [20]. The performance of EPI based
imaging methods can be improved when the distortions are compensated by the use of
alternate trajectories in k-space, such as RS-EPI [17, 32], particularly when combined
with parallel imaging [18]. By using RS-EPI, the short readout length of the individual
adjacent EPI segments results in a much shorter echo-spacing, hence less distortion
and a corresponding reduction in TE when the same resolution and phase-encoding
partial Fourier factors are used. The RS-EPI protocols in this study used a full k-space
acquisition, giving a shorter TE than SS-EPI, and resulting in better SNR. At higher
spatial resolutions, there are further benefits by using the RS-EPI sequence because
the increased resolution in the readout direction can be achieved by increasing the
number of shots without changing the echo-spacing, but the scan time is considerably
prolonged. In contrast, with the SS-EPI sequence, a longer echo-spacing is required
when the resolution in the readout direction is increased, so that the duration of the
EPI readout and consequently the TE increase more rapidly with increasing spatial
resolution. In this study, the additional use of small surface coil leads to sufficient SNR
for reliable tracking of the muscle fibers. Resulting facial muscle fiber tracks generated
by RS-EPI are in good agreement with the muscular anatomy.
However, DTI fiber tracking in small muscles remains challenging because of partial
volume effects. Increasing the spatial resolution of the skeletal facial muscle can be
hindered by the inherently low SNR because of short T2 time. Compared to diffusion
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weighted EPI techniques, DW-DESS [33, 34] is relaxation independent, with higher
resolution and considerably higher SNR . By using this approach, the image can achieve
a higher resolution, giving more information of the small facial muscle groups.
In addition, the choice of b-values is very important in DWI [19,35,36]. The use of
a high b value would be advantageous to generate large intensity differences between
different diffusion weighted gradients, which can reduce the error in the fiber tracking.
But, the use of higher b-values results in a longer echo-time and lower SNR, because
the SNR is affected by the different TEs for the various b-values, as well as increased
T2 relaxation leaded by increased TE. Therefore, an optimal b value should be found
to leverage the effects of potentially improved fiber tracking accuracy at higher b values
with decreased accuracy as a result of noise and acquisition time. Saupe et. al [10]
suggested the use of 625 s/mm2 in calf muscle at 1.5T. But in this study, the target
tissue is the facial skeletal muscle, which has less thickness and stronger susceptibility
changes, so a maximum b-value of 500 s/mm2 was used in both SS-EPI and RS-EPI
sequences to balance the problems.
In conclusion, it was demonstrated that the RS-EPI seems to be a promising ap-
proach for visualization of muscle fiber orientation. At the same time, the use of DW-
DESS can provide additional information about small muscle groups due to its higher
spatial resolution.
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Chapter 5
Comparison of Different Models for
Analysis of Renal Diffusion Imaging
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5.1. INTRODUCTION
5.1 Introduction
Diffusion-weighted MR imaging has been used to characterize abdominal organs and
renal lesions [111]. With diffusion weighting, the signal in the abdomen deviates from
a mono-exponential form. This behavior reflects microscopic tissue properties such as
water compartmentalization and diffusional restrictions. This phenomenon, also known
as non-Gaussian diffusion, constitutes a novel contrast mechanism in human abdominal
imaging. Compared to the standard mono-exponential approach to analyze diffusion
weighted MRI data, the application of more complex models can result in valuable
additional insight into pathological processes.
Conventional diffusion imaging is a sensitive technique. Different tissue micro-
structures may give the same apparent diffusion coefficient (ADC). Taking anisotropy
into account by measuring the diffusion tensor, provides metrics, like fractional anisotropy,
that may differentiate between tissues with equal ADC values. With reliable met-
rics of non-Gaussian, the diffusion measurements can be improved even further. Ben-
nett [1214], LeBihan [15], and Jensen et.al. [16, 17] have shown that non-Gaussian
diffusion provides clinically useful information.
Different models (mono-exponential model, stretched-exponential model [1214],
and bi-exponential model [15, 1820]) may incorporate explicitly effects such as com-
partmentalization, extracellular tortuosity, permeability or exchange rates, axon size
distribution, fiber orientation, and possibly fanning and bending of fiber tracts. Ana-
lyzing diffusion measurements in light of such models, therefore, may give unique insight
into tissue micro-structure. A possible drawback with this approach is that the models
may need a large number of adjustable parameters to fit the measurements well. To
resolve all parameters, one needs long-lasting and accurate measurements. This is fea-
sible ex-vivo or in animal studies. In clinical imaging, however, there are limitations
posed by imaging gradient strength, and acquisition time.
In this study, we focus on these models. The applicability of such models is not
limited to specific geometries and therefore, they can be used for neuro imaging as
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well as body imaging [21]. They use a limited number of free parameters. This allows
reliable measurements to be carried out in the amount of time available for clinical pro-
tocols. Furthermore, the data processing, which often involves nonlinear optimization,
is quicker and problems can be reduced if we use a smaller number of fitted parameters.
Parameter maps that measure non-Gaussian diffusion are used as a new image contrast.
The drawback of this approach is that the model parameters are not directly related
to tissue properties. However, non-Gaussian diffusion can be correlated to pathology,
thereby increasing diagnostic specificity. Three-parameter models are particularly ap-
pealing. The reason is that the purpose of each parameter is obvious: One parameter
measures the diffusivity, one quantifies the amount of non-Gaussian and one measures
the signal intensity in the absence of diffusion weighting. Furthermore, a low number of
fitted parameters may be desirable, because over-parametrization can cause numerical
instability and ill-defined parameters.
Measuring non-Gaussian diffusion with good precision requires more b-values and
better signal-to-noise ratio (SNR) than those used to determine ADC. The precision of
the estimates will be increased if we measure the signal for a wide range of b-values.
Therefore, to fully exploit non-Gaussian diffusion as a novel imaging contrast, we need
models that describe the signal well at high b - values. It is also desirable to have models
for which the parameter estimates do not depend strongly upon the experimental set-up,
i.e., the number of b-values and the maximum b-value.
This retrospective study compares results from mono-exponential, stretched-exponential,
kurtosis model and bi-exponential models, which were applied to analyze renal diffusion
imaging data sets. Reference data for each model were obtained from healthy subjects,
and then the reference model parameters were compared to the results from selected
renal pathologies, including cysts, renal cell carcinomas (RCC), and angiomyolipoma
(AML).
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5.2 Materials and Methods
5.2.1 Study population
Volunteers with healthy kidneys were included: 4 men, 6 women, age 27 - 42 (30±6)
years. A retrospective study was performed to identify the selected renal lesions on
abdominal MRI from February 2010 to November 2012 (during which time DWI was
acquired in clinical abdominal MRI examinations). Data from 19 patients were obtained
retrospectively in this study to give a comparison to the healthy volunteers: 10 men, 9
women, age from 30 to 85 years old with of 55 years and standard deviation of 18 years,
12 RCCs, 8 Cysts, and 2 AMLs were included.
5.2.2 Image Acquisition
Data of healthy volunteers were acquired on a Siemens 1.5 T Avanto system (Siemens,
Erlangen, Germany) and patients data were acquired on Siemens 1.5 T systems (Avanto,
Espree, and Symphony, Siemens, Erlangen, Germany). A body coil was used for trans-
mit. We measured 8 b-values of 0, 10, 40, 70, 120, 250, 450, and 700 s/mm2. Three
orthogonal gradient directions were used (RightLeft, AnteriorPosterior, and Feet
Head). For each b-value, four averages were acquired. We used a single-shot spin-echo
diffusion-weighted sequence with a 90 excitation pulse and echo-planar read-out with
free breathing. The echo time was 65 ms, and the repetition time was 3700 ms. We
measured 23 transverse slices of 6 mm slice thickness and a slice gap with distance
factor of 22%. The field-of-vie acquisition matrix was196 × 152, giving approximately
2.4x2.2x6.0 mm3 voxel size. To avoid phase errors from flow and motion, the images
were magnitude reconstructed. Parallel imaging was used with an acceleration factor of
2. And we also used the partial Fourier of 6/8 . The Acquisition time was 5 min 38s.
This protocol was implanted in the clinical routine for abdominal MRI examination.
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5.2.3 Data Analysis
For the processing of the data, we needed the thermal noise level. This quantity
was estimated by calculating the signal in several ROIs in air.
Four different models shown below (as introduced in Chapter 3) were fitted to five
volunteers data and six representative patients data on a pixel by pixel basis in matlab
(The MathWorks Inc., Natick, MA, USA). Pixel intensities below the previously-defined
noise threshold where excluded from the fitting and a Levenberg-Marquardt minimum
least squares nonlinear fitting algorithm was used to fit the following models: mono-
exponential diffusion model with the ADC. The stretched exponential model including
the stretching parameter α, that defines the deviation of the signal decay from a mono-
exponential and the distributed diffusion coefficient DDC.The Kurtosis model described
results in an apparent diffusion coefficient Dapp and the mean diffusional kurtosis Kapp.
The bi-exponential model consists of the perfusion fraction f, the diffusion coefficient
D1 and the pseudo-diffusion coefficient D2.
S(b) = S(0)× exp {−b×ADC} (5.1)
S(b) = S(0)× exp {−(b×DDC)α} (5.2)
S(b) = S(0)× exp
{
−bDapp + 1
6
b2D2appKapp
}
(5.3)
S = S(0)× {f · exp(−b ·D2) + (1− f) · exp(−b ·D1)} (5.4)
In the bi-exponential model, we first used high b-value points (from 250 s/mm2)
where were considered to have no perfusion effect anymore in kidney [2224] to fit the
diffusion coefficient D1 with mono-exponential model. Then we used this fitted diffusion
coefficient D1 as a fixed value in the bi-exponential model to fit the rest 3 parameters
as described by Le Bihan et al. [25].
Because the highest b-value is 700 s/mm2 is not efficient for kurtosis analysis [2628],
then we used three models (the mono-exponential model, stretched-exponential model
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and bi-exponential model) to evaluate all the volunteers data.
5.2.4 ROI positioning
In the study of the first five volunteers and six patients, one ROI in medulla, one ROI
in cortex in each kidney of the five volunteers were drawn. In the patients maps, ROIs in
five cysts, three RCCs, and one AML were also drawn. In the study of all the volunteers
and all the patients, the ROIs were drawn over the whole kidney in healthy volunteers
data, and ROIs in the patients were drawn over the whole kidney and the lesions by
using Matlab (The Math Works Inc., Natick, MA, USA). To compare the difference,
the ROIs in the patients only cover the lesions were also drawn. This task was done
manually by using MITK Workbench (Division of Medical and Biological Informatics of
DKFZ). All the patient ROIs were located in the diffusion weighted images, while the
T1-weighted, or T2-weighted images were viewed separately, and then controlled in the
ADC maps. In the control group, the ROIs were placed in the b = 0 s/mm2 images,
while the ADC maps were viewed separately.
5.2.5 Statistical analysis
All the statistical analysis of the data is performed using Matlab.
Histogram analysis is used to provide not only mean ADC, α, and perfusion frac-
tion values, but also ADC, α, and perfusion fraction histogram skewness, which reflect
the distribution of each parameter value and therefore take tissue heterogeneity into
account.
Student t-tests are applied to detect differences in tissue types for ADC, α, and
perfusion fraction values. Significance tests are two-sided, and P<0.05 is chosen as the
criterion for significance. Correlation coefficients are calculated to study the correlation
of these parameters: ADC, α, and perfusion fraction.
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All the uncertainties are given in terms of the standard deviation (mean ± std).
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5.3 Results
Figure 5.1 shows the signal intensity of the roi in one healthy volunteer for three
different model overlaid. The logarithmic vertical scale for the signal intensity displays
a mono-exponential curve as a straight line (blue). The stretched-exponential curve
displays a deviation from a straight line at all b-values, while the bi-exponential curve
at low b-values which indicates a second component in the data.
Figure 5.1: Corresponding graphs of the logarithmic scale for the signal intensity of
one healthy subject with mono-exponential model, stretched-exponential model, and
bi-exponential model overlaid.
Pixel wise fitted results from the kidneys of one healthy volunteer and two patients
are shown in Figure 5.2. All models allow a differentiation of the pathologies from
healthy tissues. Figure 5.3 presents the average values of the fitted results of the five
healthy subjects, as well as ROI-based values from the focal pathologies present in the
patients. Both the stretched exponential model and the kurtosis model provided solid fit
results for the parameters α and Kapp, respectively. While the cysts are characterized
by α close to 1, solid kidney lesions show a clear deviation from mono-exponential
behavior with α values around 0.5. This deviation from Gaussian diffusion is even more
pronounced in the kurtosis maps, where both RCC and AML lesions can be clearly
differentiated from healthy parenchyma by their higher Kapp, which is consistent with
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reduced diffusivity in the tumor due to high cellular density. Moreover, in the bi-
exponential model, the perfusion fraction of cysts is close to 0, while both RCC and
AML lesions show considerable deviation from mono-exponential behavior indicating
increased perfusion.
Figure 5.2: Fit maps of one healthy volunteer (a), one patient with one cyst (b), and
one patient with two RCCs (c).
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Figure 5.3: Bar charts of the mean values for five healthy volunteers, five cysts, three
RCC lesions, and one AML.
Characteristic normalized histograms of ADC, α , and perfusion fraction for one
AML, one RCC, one Cyst, and one healthy volunteer are shown in Figure 5.4. For
the ADC values, the histogram of cyst shifts down from very large ADC values to
lower values in control group, and the ADC histograms of AML and RCC have a
broader range than control group due to the tissue heterogeneity. The histogram of the
stretched parameter α for RCC give a wide distribution than all the rest groups. And
the perfusion fraction histogram of cyst is much acuter than the other groups.
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Figure 5.4: Normalized histograms of ADC, α , and perfusion fraction for one AML
(a), one RCC (b), one Cyst (c), and one healthy volunteer (d).
The average ROI size of all included lesions is 11215±11708 pixels. The average
size of AMLs is 2576±3500 pixel; the average size of RCCs is 11215±25260 pixel; and
the average size of cysts is 800±948 pixel. The average ROI size of control group is
6931±1682 pixel.
The parameters of the ADC, α , and perfusion fraction for the whole group of
patients with AML, RCC, and cyst and the whole control group are shown in Table
5.1. The solid lesion (AML and RCC) gives a lower ADC and α value than the control
group, and the cyst shows a higher ADC and α values than the control group. While
the solid lesion holds higher perfusion fraction than the control group, and the cyst is
with a lower perfusion fraction than the control group.
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Parameter AML RCC Cyst Control Group
ADC (10−3mm2/s) 1.62±0.54 1.67±0.44 2.86±0.27 2.25±0.09
α 0.70±0.06 0.73±0.04 0.84±0.09 0.80±0.03
Perfusion fraction (%) 19.8±1.8 16.4±4.3 11.0±6.3 15.0±1.9
Table 5.1: Diffusion parameters of renal lesions and control group
According to the Student t-test, the ADC, and α values of RCC are significantly
lower than those of Cyst (p<0.05) and control group (p<0.05). The ADC value of cyst
is significantly higher than that of control group (p<0.05). The perfusion fraction of
cyst is significantly lower than that of AML (p<0.05) and RCC (p<0.05).
The skewness for all the groups are shown in Table 5.2. According to the Student
t-test, the α values of RCC is significantly higher than that of AML (p<0.05), which
give additional information of comparing AML and RCC. Interestingly, as shown in
Figure 5.4, the α values of RCC is more broadly distributed than the other groups.
Skewness AML RCC Cyst Control Group
ADC 0.95±1.30 1.67±0.44 0.14±0.93 0.27±1.32
α -0.58±0.14 -1.43±1.14 -0.74±0.74 -1.24±0.82
Perfusion fraction 0.18±0.60 0.98±0.56 1.00±1.18 1.88±0.30
Table 5.2: Skewness of each parameters for different renal lesions and control group.
In the analysis of all whole lesions and control group, as shown in Figure 5.5, ADC
values for the RCC and AML have a heavier tail than those of the cyst and control
group; α values for the AML and cyst have a heavier tail than those of the RCC and
control group; and compare to the control group, the perfusion fractions for AML, RCC
and cyst all have broader distribution. Because of the tumor heterogeneity, single whole
lesion statistical analysis should be performed with care.
103
CHAPTER 5. COMPARISON OF DIFFERENT MODELS FOR ANALYSIS OF
RENAL DIFFUSION IMAGING
Figure 5.5: Box plots of ADC (a), α (b), and perfusion fraction (c) for different sub-
groups
As shown in Figure 5.6, we find a correlation between ADC and α values with a
correlation coefficient of 0.1364, and between ADC and perfusion fraction with a corre-
lation coefficient of 0.1481; while there is a weak correlation between α and perfusion
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fraction with a correlation coefficient of -0.5523. Therefore, the α values might be
changed independently of the type of lesions either due to the diffusion characteristics.
The α value and perfusion fraction may give additional information for distinguishing
different lesion types.
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Figure 5.6: Scatter plots of all included patients (AML - read dots, RCC - blue triangles,
and cyst - purple squares) and control group (green stars): (a) ADC against α, (b) ADC
against perfusion fraction, (c) perfusion fraction against α.
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5.4 Discussion and Conclusion
Diffusion weighted imaging has become a valuable tool to detect renal lesions [2931].
In this retrospective study, besides the mono-exponential model, three different non-
Gaussian diffusion models were used and compared to study renal diffusion imaging.
Because of the strong effect of breathing on kidney displacement between expiration
and deep inspiration [32], an important issue of DWI in kidney is the choice of the
most suitable respiration technique to acquire the images. Acquiring data with breath
holding is effective in minimizing motion, but severely restricts the length of each scan,
which may lead to a relatively low SNR, as well as for some patients, it is challenging
to perform breath holding reliably. Navigator controlled DWI can be used to obtain
thinner slices, but the acquisition time is considerably prolonged. However, patients
often have irregular breathing that can decrease the time-efficiency of the acquisition, or
even render the navigator regime unusable in some cases. But with the free breathing,
thanks to continuous data acquisition, thin slices with many signal averages can be
achieved to increase the SNR. While there are differences in the implementations of the
three regimes from a patient's perspective, the derivation of parameters likely to be used
in clinical interpretation and decision making does not clearly favor one method [3336].
In this study, free breathing was chosen to obtain more averages to achieve better SNR.
In addition, when performing DW MRI with quantitative analysis of the models,
attention has to be paid to the underlying b-values. So far, b-values from 0 to 1000
s/mm2 have been used [2, 3, 3740], whereby pseudo-diffusion due to IVIM can be
excluded by using b-values higher than 250 s/mm2 [2224] .Therefore, in this study, we
used the introduced multiple b-values, four values below and four above this threshold,
with a maximum b value of 700s/mm2.
The ADC values of AML and RCC are significantly lower than that of control group.
This finding could be explained because of higher cellularity of these lesions, which
restricts the motion of water molecules. The ADC value of cyst is significantly higher
than the control group, which may be because of the cyst contains more liquid which
has higher diffusion. In the stretched-exponential approach, the stretched parameter
α value of RCC has no significant difference from that of AML, but the skewness of
α value for RCC is significantly different from that for AML, which gives additional
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information about this two types of tumor. This skewness changes can also be seen in
the histogram of AML has a heavier tail than that of RCC, this is may also because
of the tissue heterogeneity. In the bi-exponential model, the perfusion fraction of cyst
is significantly lower than that of AML and RCC, this can be explained that cyst has
much lower perfusion and less restrict molecular diffusion.
Our data shows a broad distribution of ADC, α and perfusion fraction values in all
renal lesions but a narrower distribution of control group as shown in Figure 5.5. This is
agree with the histological findings in different lesions, such as solid lesion heterogeneity,
and inflammations. And in this study, different pathologies show an overlap in all the
parameter values, and no clear tend in the values of AML, RCC, cyst and control group.
There are some limitations in this study. The roi sizes of different type of lesions
have a wide range: 101 - 5050 pixel in AML, 71 - 38397 pixel in RCC, 25-2521 pixel
in cyst, and 4205 - 9780 pixel in control group. This may influence the calculated
parameters. The spatial resolution is relatively low, which may lead to partial volume
effects. Further more, our patient group is relatively small.
In conclusion, in this retrospective study, it demonstrates that quantification of renal
DWI data by stretched-exponential model, diffusion kurtosis model and bi-exponential
model can result in additional parameters, which enable a better characterization of
different lesion types like cysts, RCCs, and AMLs. However, the particular applica-
tion areas of the stretched-exponential model and the kurtosis model are still unclear.
Therefore, further studies are needed to explore these open problems.
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6.1. SUMMARY
6.1 Summary
MR measurement of diffusion in tissue can provide unique biologically and clini-
cally relevant information which is not available from other imaging methods. This
information includes parameters that help characterize tissue microstructure.
The main goal of this thesis was to study the micro-structure of tissues using diffusion
weighted magnetic resonance imaging, which has potential for clinical use.
This thesis was developed into two different directions. First is assessment of struc-
tural properties of facial skeletal muscle with diffusion MRI (Chapter 4). And the
second part is to compare different diffusion models in renal diffusion imaging (Chapter
5).
 In Chapter 4, different techniques (SS-EPI, RS-EPI [1, 2], and DW-DESS [3]),
were used and compared to visualize facial muscle fiber tracking. The RS-EPI
seems to be a promising approach for visualization of muscle fiber orientation.
And at the same time, the use of DW-DESS can provide additional information
about small muscle groups due to its higher spatial resolution.
 In chapter 5, different diffusion models were elaborated to study the diffusion
in renal pathologies in this retrospective study. The results were compared for
the DWI signal in renal lesions and healthy volunteers. Besides mono-exponential
model, quantification of renal DWI data by stretched-exponential model [4], diffu-
sion kurtosis model [5] and bi-exponential model [6] can give additional parameters
that enable a better characterization of different lesion types like cysts RCC, and
AML.
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6.2 Outlook
Future work will be focused on establishing the results in this thesis in a clinical
environment, as well as further methodological developments.
 DTI and fiber tracking are promising tools that can bring a wealth of information
about muscle structure and function. It is crucial to evaluate computationally
the progressive changes in the facial muscle fibers due to CMF surgery. These
changes cannot be tracked using histological methods. We hypothesize that using
our results to reveal the specific muscle fiber changes after CMF surgery will
provide direct assessment of the disorder's severity and sensitive measurement to
predict clinical surgery outcome.
 The use of DWI data to extract the detailed micro structural features of tis-
sues at the sub-voxel and even microscopic level continue to grow with improved
hardware and better models. Although model dependent, these approaches may
provide new features that should be of use in assessing development, degeneration,
disease, and aging. The next step in this field of research would be to provide
more accurate tumor detection and characterization with non-Gaussian diffusion
models. Nevertheless, sensitivity, specificity and accuracy of the different models
should be analyzed in further prospective studies, with including a large patient
population.
In conclusion, the work that was done in this thesis was aimed to study the tissue
micro-structure using DW MRI, with the potential to be directly useful for both basic
research and clinics. Hopefully, my work will in the future be able to expand the
knowledge and the possibility of diagnosis for different lesions, and improve the chances
of patient recovery.
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